The present study examines how the different dimensions of job engagement combine within different profiles of workers (n = 264). This research also documents the relations between the identified job engagement profiles, demographic characteristics (gender, age, education, working time, and organizational tenure), job characteristics (work autonomy, task variety, task significance, task identity, and feedback), attitudes (affective and normative commitment) and psychological health (emotional exhaustion and ill-being). Latent profile analysis revealed four profiles of employees defined based on their global and specific (physical, emotional, and cognitive) job engagement levels: Globally Disengaged, Globally Engaged, Globally but not Emotionally Engaged, and Moderately Engaged. Employees' perceptions of task variety and feedback shared statistically significant relations with their likelihood of membership into all latent profiles. Profiles were finally showed to be meaningfully related to employees' levels of affective commitment, normative commitment, emotional exhaustion, and illbeing.
associations between these three dimensions and a variety of outcome variables, thus supporting the existence of conceptually-distinct physical, emotional, and cognitive dimensions of job engagement (e.g., ). Yet, a third option also exists according to which job engagement might exist as a global entity reflecting commonalities among ratings of physical, emotional, and cognitive engagement, which themselves may include specificity unexplained by this global entity. Rich et al.'s (2010) higher-order results support the idea that ratings of physical, emotional, and cognitive engagement are conceptuallyrelated dimensions of a global job engagement construct. However, one remaining question is whether sufficient specificity exists in the physical, emotional, and cognitive dimensions once global job engagement is taken into account , 2017 .
Psychometrically, two approaches can be used to study this question. The most typical of these approaches relies on hierarchical models (e.g., . In hierarchical models, ratings on specific indicators are used to define first-order factors (physical, emotional, and cognitive) , which are then used to define a higher-order factor (global job engagement). Hierarchical models suffer from one important limitation: They rely on a rigid proportionality constraint forcing the ratio of variance explained by the global factor relative to that explained by the specific factors to be exactly the same for all items associated with a specific first-order factor . Bifactor models provide a flexible alternative not limited by this unrealistic constraint . In a bifactor model, one Global (G) factor (global job engagement) and a series of orthogonal Specific (S) factors (physical, emotional, and cognitive) are used to explain the covariance among a set of items. Bifactor models directly test the presence of a global unitary construct underlying the answers to all items (G-Factor, reflecting global job engagement levels) and whether this global construct co-exists with meaningful specificities (S-Factors, reflecting the extent to which levels on the specific facets deviate from the global level) not explained by the G-Factor.
When considering bifactor models, it is important to keep in mind that their only true difference with higher-order factor models is related to the presence of this rigid proportionality constraint such that it is possible, from a higher-order factor model, to obtain an equivalent bifactor solution by the simple multiplication of higher-order factor loadings by first-order factor loadings (i.e., the Schmid-Leiman transformation; . Furthermore, when this proportionality constraints is found to hold with the data, these two representations are fully equivalent (Jennrich & Bentler, 2011) . Thus, both approaches: (a) involve the estimation of first-order factors or S-factors that are orthogonal and conditional on the integration of the higher-order factor or G-factor to the model; (b) estimate the variance shared across all items via the estimation of a single higher-order factor or G-factor; and (c) estimate the variance that is unique to a specific subscale as part of the disturbance (or residuals) of the firstorder factors or the S-factors, although this estimation is more direct in the bifactor model. Importantly, this last element (c) leads to a critical disadvantage of the higher-order approach when used to generate factor scores for subsequent analyses. More precisely, this indirect disaggregation of the variance uniquely associated with the first-order factors as part of the first-order residuals rather than first-order factors themselves leads to conceptual redundancies in these secondary analyses which can easily be solved by the reliance on a bifactor approach , 2017 . Thus, bifactor models provide a way to simultaneously consider both the forest (i.e., global job engagement) and the trees (i.e., the specificities associated with physical, emotional, and cognitive engagement) (Tóth-Király, Morin, Bőthe, Orosz, & Rigó, 2018) . We adopt this approach in the present study.
A Complementary Person-Centered Perspective
Variable-centered analyses, such as the approaches used in the studies presented thus far, operate under the assumption that all participants are drawn from a single population for which a single set of "average" parameters can be estimated. Although such analyses provide a way to assess interaction effects among variables, such results are especially hard to interpret when they involve more than two or three interacting predictors (i.e., the application of a bifactor approach would result in the need to consider four interacting predictors: One G-factor and three S-factors). Further, interaction effects assume that the influence of one target variable fluctuates in a linear manner as a function of the other variable. Even though polynomial models can incorporate non-linear parameters (Edwards, 2009) , it is almost impossible to interpret such models when more than two interacting predicting variables are at play.
An even more direct way of looking at the combined effects of job engagement facets involves personcentered analyses, allowing for the identification of employees' profiles characterized by different configurations of job engagement dimensions . In contrast to variable-centered analyses, person-centered analyses seek to identify qualitatively distinct subpopulations, or profiles, sharing similar configurations of job engagement components. Of particular relevance, the estimation of latent profiles based on indicators capturing the possible bifactor structure of job engagement ratings (i.e., based on a proper disaggregation of global job engagement levels from the specific physical, emotional, and cognitive facets) would make it possible to identify clearer, and more easily interpretable, profiles differing from one another in relation to both the global component (i.e., global job engagement) and to the more specific components (physical, emotional, and cognitive) , 2017 . Importantly, ignoring this dual global/specific structure caries the risk of identifying inaccurate profiles characterized by job engagement levels solely capturing that global component and ignoring the more meaningful differences located at the specific facet level , 2017 . In the present study, we apply this approach to the identification of job engagement profiles. Precisely, this research assesses how global levels of job engagement operate in combination with specific levels of physical, emotional, and cognitive job engagement among distinct profiles of employees.
Due to the absence of prior research using latent profile analyses (LPA) to identify job engagement profiles assessed with the JES , it is difficult to specify hypotheses about the nature and number of the expected profiles. However, different sources of indirect evidence can still be used to guide the present investigation.
Variable-centered studies using the UWES. A first source of indirect evidence comes from research conducted using the UWES (Schaufeli & Bakker, 2004) , for which researchers have started to highlight the importance of considering the combined impact of the work engagement dimensions assessed with this instrument Mäkikangas, Kinnunen, Feldt, & Schaufeli, 2016) . Unfortunately, most of these studies have tried to identify profiles from the combinations of work engagement indicators and additional variables (burnout: Mäkikangas, Hyvönen, & Feldt, 2017; workaholism and burnout: Innanen, Tolvanen, & Salmela-Aro, 2014; workaholism, burnout, and job satisfaction: Mäkikangas et al., 2015) . These studies thus make it impossible to isolate the effects of the different work engagement configurations net of the effects of the additional variables. Furthermore, most of these studies only considered global levels of work engagement without considering the specificities associated with the work engagement facets.
Person-centered studies using the UWES. We located two person-centered studies focusing on the identification of work engagement configurations as assessed with the UWES. In a first study, Simbula, Guglielmi, Schaufeli, and Depolo (2013) relied on cluster analyses to identify teachers' profiles of work engagement based of their levels of vigor, dedication, and absorption. Their results revealed two distinct profiles characterized by high (61.2% of the participants) or moderate (38.8% of the participants) levels of vigor, dedication, and absorption. They also found that highly engaged participants showed higher levels of personal development, work-family balance, self-efficacy, job satisfaction, altruism, and civic virtue, and lower levels of health problems relative to moderately engaged participants. These profiles, estimated based on typical scale scores, only display level differences, possibility due to their failure to properly disaggregate global ratings of work engagement from the specificity inherent in the vigor, absorption, and dedication subscales. In addition, this study was limited by its reliance on a sample of teachers, making it hard to assess whether these results would generalize to more diversified samples.
In a second study, Gillet, Caesens et al. (2019) relied on LPA conducted on the basis of profile indicators (i.e., factors scores taken from a bifactor model) allowing them to distinguish global levels of work engagement properly disaggregated from the specific levels of vigor, absorption, and dedication among a sample of 730 employees recruited from a variety of organizations. Their results first revealed a large normative profile of employees characterized by average global and specific levels of work engagement (74.59%), accompanied by four additional profiles presenting disengaged-vigorous (7.24%), totally disengaged (7.36%), vigorously absorbed (7.26%), and engaged yet distanced (3.55%) configurations of work engagement. These profiles also showed a high level of stability and similarity across a four-month period, and meaningful associations with participants' levels of health, stress, job satisfaction, and intentions to leave the organization.
Person-centered studies on related-constructs. Indirect evidence coming from research conducted on the related-constructs of psychological health and well-being is also informative. For instance, demonstrated the superiority of a bifactor representation of employees' ratings of psychological well-being at work. Then, relying on bifactor factor scores, results from their LPA revealed four distinct profiles of employees: (1) a large (59.4%) normative profile characterized mainly by an average global level of psychological well-being and matching levels across specific dimensions (i.e., interpersonal fit, competence, thriving, involvement, and recognition); (2) an intrinsically-driven profile (29.2%); (3) an illadjusted extrinsically-driven profile (6.6%); and (4) a well-integrated profile (4.8%). Similarly, results supported a bifactor representation of employees' ratings of psychological health at work (encompassing ratings of well-being and distress). Results from their LPA then revealed a similar five-profile solution including: (a) a large (61.0%) normative profile showing average of psychological health across dimensions; (b) an adapted profile (11.1%); (c) a flourishing profile (1.38%; similar to the previously described well-integrated profile); (d) a stressfully-involved profile (14.3%; similar to the previously described ill-adjusted extrinsically-driven profile); and (e) a harmoniously-distanced profile (12.3%).
The present study. When considering these results, it is interesting to note both the similarity across studies, and the fact that failure to control for construct-relevant psychometric multidimensionality related to coexisting global and specific constructs may erroneously lead to the identification of level-differentiated profiles. Indeed, , 2017 studies both revealed that profiles identified based on typical first-order factor scores tended to present almost pure level differences similar to the results obtained by Simbula et al. (2013) , whereas profiles based on bifactor factor scores were far more similar to those reported by Gillet, Caesens et al. (2019) . In the present study, we apply the methodological framework proposed by , 2017 in order to extend to the job engagement area results obtained by Simbula et al. (2013) and Gillet, Caesens et al. (2019) in research on the work engagement construct. We previously noted that person-centered solutions are a natural candidate for practical interventions focused on specific categories of employees due to their alignment with managers' natural tendencies to think in terms of categories (e.g., Zyphur, 2009) . Unfortunately, the current lack of research clarity makes it hard to devise such interventions, a limitation that we seek to address in the present study.
In the absence of prior guidance from job engagement research relying on the JES and/or adopting a proper disaggregation of global versus specific ratings of job engagement in the identification of employees' profiles, we leave as an open research question the expected nature of the profiles that will be identified. However, in line with the consistency of results obtained by , 2017 and Gillet, Caesens et al. (2019) in the study of psychological health, well-being, and work engagement, we expect at least a moderately engaged profile characterized by average levels of job engagement across dimensions, a well-integrated (highly engaged) profile characterized by globally low levels of job engagement across dimensions, and an ill-adjusted (totally disengaged) profile characterized by globally low levels of job engagement across dimensions. In addition, we also expect additional profiles presenting well-differentiated configurations of job engagement across indicators. For instance, we expect a profile characterized by high global levels of job engagement, average levels of physical and cognitive job engagement, and low levels of emotional job engagement, sharing similarities with the engaged yet distanced profile identified by Gillet, Caesens et al. (2019) .
A Person-Centered Construct Validation Perspective
To document the theoretical and practical implications of the most frequent combinations reflected in the job engagement profiles to be identified in this study, we adopt a construct validation perspective (e.g., Morin & Wang, 2016) focused on documenting the associations between these profiles and a variety of covariates. Indeed, having access to the most commonly occurring configurations of job engagement among employees, despite its intrinsic interest, is of little value for managerial practice without accompanying knowledge regarding possible determinants and outcomes of these configurations.
In the present study, we first focused on the role of demographic (gender, education, working time, and organizational tenure) and job (work autonomy, task variety, task significance, task identity, and feedback) characteristics in the prediction of profile membership.
Demographic characteristics as predictors. Knoll and Redman (2016) showed that age and gender were not significantly related to job engagement. Additional research similarly revealed a lack of associations between job engagement and employees' tenure, gender, age or education (Haynie, Mossholder, & Harris, 2016; Park et al., 2017; Zhong et al., 2016) . These considerations suggest that these demographic characteristics (gender, level of education, working time, and organizational tenure) should be unrelated to the likelihood of membership into any of the job engagement profiles. Observing such a lack of relations would support the discriminant validity of the profiles.
Job characteristics. Despite the well-documented importance of job characteristics in the prediction of a variety of desirable outcome variables (Marinova, Peng, Lorinkova, Van Dyne, & Chiaburu, 2015) , to the best of our knowledge, no research has yet examined the effects of job characteristics on job engagement. Nevertheless, some attention has been paid to the effects of job characteristics on conceptually-related constructs, namely the vigor, dedication, and absorption components of work engagement as assessed with the UWES. More precisely, the desirable effects of various job resources (i.e., work autonomy, task variety, task significance, task identity, and feedback) have been widely documented in relation to outcomes such as work engagement (Bakker, Demerouti, & Sanz-Vergel, 2014; Brauchli, Schaufeli, Jenny, Füllemann, & Bauer, 2013) . Taken together, these prior variable-centered studies suggest that the job characteristics of work autonomy, task variety, task significance, task identity, and feedback should also should predict membership into the job engagement profiles. More precisely, we expect more positive job characteristics (i.e., enriched jobs; Hackman & Oldham, 1976) to predict a higher likelihood of membership into the profiles characterized by higher global levels of job engagement. Observing such relations would thus support the convergent validity of the profiles.
Outcomes of profile membership. We also consider how the identified job engagement profiles would related to a series of outcome variables related to employees' attitudes (affective and normative organizational commitment) and psychological health (emotional exhaustion and ill-being), retained based on research evidence showing that they present significant associations with job engagement (Knoll & Redman, 2016; . In addition to presenting well-documented links with job engagement, these outcomes were also selected based on mounting research evidence supporting their important role in work performance (e.g., Demerouti, Bakker, & Leiter, 2014; Huang & Simha, 2017) . For instance, employees' affective organizational commitment plays an important role in the work setting and numerous studies have shown that affective commitment is an important predictor of job performance (e.g., . Similarly, employees' level of emotional exhaustion represents another well-documented predictor of work performance and persistence (e.g., Marchand & Vandenberghe, 2016; Yagil & Medler-Liraz, 2017) . Although the assumption that the identified latent profiles will demonstrate construct validity lead us to expect well-differentiated relations between the identified job engagement profiles and the covariates considered in this study, the lack of previous research conducted in this area makes it hard to provide more specific hypotheses in this regard. Indeed, although Simbula et al. (2013) and Gillet, Caesens et al. (2019) did not consider the specific covariates assessed in this study (affective and normative organizational commitment, emotional exhaustion, and ill-being), the nature of the profiles identified in their study only allows us to expect profiles characterized by higher levels of job engagement to be associated with more adaptive functioning (e.g., higher affective organizational commitment, lower ill-being) than profiles characterized by lower levels of engagement. Observing welldifferentiated relations between the job engagement profiles and outcomes measures would support both the convergent and discriminant validity of the profiles.
The Present Study
In sum, the present study is a substantive-methodological synergy (Marsh & Hau, 2007) in which we seek to illustrate the value of a methodological framework proposed by , 2017 to better capture the underlying multidimensionality of the job engagement construct. This approach relies on the combination of the variable-centered bifactor framework to better capture the inherent duality of employees' global and specific job engagement levels with a person-centered approach seeking to identify the most commonly occurring job engagement configurations defined while accounting for the dual global and specific nature of this construct. As such, this study has broad relevance to the managerial and organizational sciences by providing the illustration of a comprehensive variable-and person-centered framework which may be equally applied to investigate the structure of a variety of psychological constructs similarly conceptualized as a series of subdimensions nested within a single global entity. Substantively, this study contributes to research on the job engagement construct by: (a) investigating its dual global and specific nature in an attempt to resolve discrepant conclusions regarding its optimal operationalization; (b) identifying the most commonly occurring configurations of job engagement among employees while relying on an optimized representation of the underlying multidimensional structure of this construct; and (c) documenting the practical value of these configurations, or profiles, by formally assessing their associations with key predictor and outcome variables.
Method Participants and Procedures
Research assistants distributed a paper-based questionnaire to a sample of 264 workers (118 men and 146 women). These workers were recruited in a convenience sample of organizations (e.g., public hospitals, industries, sales, and services), all located in France, who agreed to participate in this study when contacted by the research assistant who provided them with a short description of the study. In each organization, employee participation was voluntary and respondents were ensured that their responses would be kept confidential. Before proceeding with the data collection, participants in each organization received a survey packet including the questionnaire, a cover letter explaining the objectives, and a consent form stressing the anonymous and voluntary nature of participation. Questionnaires completion took about 20 minutes. Completed questionnaires were directly returned to the research assistants. No incentive was offered to take part in the study. All questionnaires were administered in French and instruments not already available in this language (i.e., job engagement and illbeing) were adapted to French using a standardized back-translation procedure (Hambleton, 2005; van de Vijver & Hambleton, 1996) by a panel of independent bilingual experts (i.e., distinct individuals were involved in the translation and back-translation, and differences were resolved by consensus).
Respondents were aged between 21 and 63 years (M = 36.81, SD = 11.60) and had an average organizational tenure of 9.65 years (SD = 9.92). In terms of education, 2.7% of the participants had no diploma, 25.4% completed vocational training, 15.5% completed high school, and 56.4% completed university. Finally, 83.0% of the participants worked full-time.
Measures
Job engagement. The JES was used to assess job engagement. This instrument includes three subscales assessing physical (six items; α = .87; e.g., "I work with intensity on my job"), emotional (six items; α = .92; e.g., "I am enthusiastic in my job"), and cognitive (six items; α = .91; e.g., "At work, my mind is focused on my job") job engagement. These items were rated on a five-point Likert-type scale ranging from 1 (strongly disagree) to 5 (strongly agree).
Job characteristics. Work autonomy (nine items; α = .91; e.g., "The job allows me to make a lot of decisions on my own"), task variety (four items; α = .92; e.g., "The job involves doing a number of different things"), task significance (four items; α = .78; e.g., "The job has a large impact on people outside the organization"), task identity (four items; α = .82; e.g., "The job allows me to complete work I start"), and feedback (three items; α = .86; "The job itself provides me with information about my performance") were measured with subscales from the French version of the Work Design Questionnaire (Bigot et al., 2014; Morgeson & Humphrey, 2006) . Items were rated on a seven-point Likert-type scale ranging from 1 (strongly disagree) to 7 (strongly agree).
Emotional exhaustion. Emotional exhaustion was assessed with the French version of the five-item scale (α = .88; e.g., "I feel emotionally drained by my work") from the Maslach Burnout Inventory-General Survey (Lapointe, Vandenberghe, & Boudrias, 2013; Schaufeli, Leiter, Maslach, & Jackson, 1996) . Items were rated on a 1 (strongly disagree) to 5 (strongly agree) scale.
Commitment to the organization. The French version (Lapointe et al., 2013) of Meyer, Allen, and Smith's (1993) scale was used to assess affective (six items; α = .91; e.g., "I feel like part of the family at my organization") and normative (six items; α = .93; e.g., "It would not be morally right for me to leave this organization now") commitment to the organization. Items were rated on a five-point Likert-type scale (1strongly disagree; 5strongly agree).
Ill-being. Ill-being was assessed with six items (α = .89; e.g., "tense", "worried") from Warr's (1990) measure on which participants were asked to indicate how often they experienced each emotion in the past week when thinking about their job on a five-point scale (1never; 5always).
Analyses Model Estimation
All analyses were conducted using Mplus 8 (Muthén & Muthén, 2017) robust Maximum Likelihood (MLR) estimator. This estimator provides parameter estimates, standard errors, and fit indices that are robust to the non-normality of the response scales used in the present study (Finney & DiStefano, 2013) . These models were estimated with Full Information Maximum Likelihood (FIML; Enders, 2010) to handle the few missing responses present at the item level (0.00-1.52%).
Preliminary Analyses
Rather than using scale scores (the mean or sum of items) to estimate the profiles and their relations with covariates, we relied on factor scores saved from preliminary measurement models (for details on the advantages of factor scores in LPA, see Morin, Meyer, Creusier, & Biétry, 2016) . Factor scores do not control for unreliability as well as latent variables, but provide a partial control for measurement errors by giving more weight to more reliable items (Skrondal & Laake, 2001 ) and preserve the underlying nature of the measurement model better than scale scores , 2017 . For the job engagement measure, factor scores were saved from a bifactor exploratory structural equation model (ESEM; . Bifactor-ESEM models provide a way to achieve a complete disaggregation of participants' ratings into one global component reflecting the variance shared across all items, and into specific components reflecting the variance shared among items forming a dimension but not already explained by the G-factor, while taking into account the imperfect nature of indicators associated with conceptually-related constructs . In this model, all items were allowed to simultaneously load on one G-factor reflecting global levels of job engagement, and on three S-factors corresponding to specific levels of physical, emotional, and cognitive job engagement. Cross-loadings were allowed between the S-factors using an orthogonal bifactor target rotation in line with bifactor assumptions . Target rotation allows for the estimation of ESEM models in a confirmatory manner, based on user-defined main factor indicators, and requirement for cross-loadings to be estimated as close to zero as possible . In particular, the statistical research literature has recently demonstrated that the exclusion of cross-loadings (even as small as .100), but not their unnecessary inclusion, was likely to result in biases in the estimation of latent constructs (e.g., . Finally, , 2017 showed that when global constructs (i.e., job engagement) co-exist with specific dimensions (i.e., physical, emotional, and cognitive), failure to control for this globality in personcentered analyses may mistakenly result in the identification of profiles differing from one another quantitatively (i.e., matching levels across indicators) rather than qualitatively (i.e., distinct configurations). Details on these measurement models, which proved superior to alternatives, are reported in the online supplements.
Person-Centered Analyses
LPA were estimated using the job engagement factor scores as profile indicators. We examined solutions including one to eight latent profiles in which the means and variances of the job engagement factor scores were freely estimated in all profiles (Diallo, Morin, & Lu, 2016; Peugh & Fan, 2013) . LPA were conducted using 5000 random sets of start values, 1000 iterations, and retaining the 200 best solutions for final optimization (Hipp & Bauer, 2006) . To determine the optimal number of profiles, multiple sources of information were considered, including the substantive meaningfulness, theoretical conformity, and statistical adequacy of the solutions (Marsh, Lüdtke, Trautwein, & Morin, 2009; Morin, 2016; Muthén, 2003) . In addition, statistical indices can support this decision (McLachlan & Peel, 2000) : (i) the Akaïke Information Criterion (AIC), (ii) the Consistent AIC (CAIC), (iii) the Bayesian Information Criterion (BIC), (iv) the sample-size Adjusted BIC (ABIC), (v) the standard and adjusted Lo, Mendell and Rubin's (2001) Likelihood Ratio Tests (LMR/aLMR; as these tests typically yield the same conclusions, we only report the aLMR), and (vi) the Bootstrap Likelihood Ratio Test (BLRT). A lower value on the AIC, CAIC, BIC, and ABIC suggests a better-fitting model. The aLMR and BLRT compare a k-class model with a k-1-class model. A significant p value indicates that the k-1-class model should be rejected in favor of a k-class model. Simulation studies indicate that four of these indicators (CAIC, BIC, ABIC, and BLRT) are particularly effective (Henson, Reise, & Kim, 2007; Nylund, Asparouhov, & Muthén, 2007; Peugh & Fan, 2013; Tein, Coxe, & Cham, 2013; Tofighi & Enders, 2008) , while the AIC and LMR/ALMR should not be used in the class enumeration process as they respectively tend to over-and under-extract incorrect number of profiles (Diallo et al., 2016 (Diallo et al., , 2017 Henson et al., 2007; Nylund et al., 2007; Peugh & Fan, 2013; Tofighi & Enders, 2008) . These indicators will only be reported to ensure a complete disclosure, but will not be used to select the optimal number of profiles. It should be noted that these tests remain heavily influenced by sample size (Marsh et al., 2009) , so that with sufficiently large samples, they may keep on suggesting the addition of profiles without reaching a minimum. In this situation, the point at which these indicators appear to reach a plateau can be used to suggest the optimal solution (Morin, Maïano et al., 2011) . Finally, the entropy indicates the precision with which the cases are classified into the various profiles (varying from 0 to 1), but should not be used to determine the optimal number of profiles (Lubke & Muthén, 2007) .
Predictors and Outcomes of Profile Membership
Multinomial logistic regressions were conducted to test the relations between the predictors and profile membership. In addition to analyses involving these predictors, associations between the profiles and a series of outcomes were also assessed using a model-based approach proposed by Lanza, Tan, and Bray (2013) and implemented through the Auxiliary (DCON) function (Asparouhov & Muthén, 2014) . Predictors and outcomes were incorporated to the model as factor scores saved from a preliminary measurement model reported in the online supplements. Correlations among all variables used in this study are reported in Table  S6 of the online supplements.
Results Latent Profile Solutions
The fit indices of the LPAs estimated from bifactor-ESEM factor scores are reported in Table 1 . All information criteria kept on suggesting the addition of profiles up to the seven-profile solution, whereas the BLRT supported the five-profile solution. However, the elbow plot associated with these solutions (reported in Figure S1 of the online supplements) revealed that the decrease in the value of these information criteria reached a plateau after the three-profile solution. Based on these observations, we carefully examined solutions including three to five profiles. This examination showed that all solutions were fully proper statistically. Furthermore, this examination revealed that moving from three to four profiles resulted in the addition of a meaningfully different profile to the solution (i.e., corresponding to Profile 1 illustrated in Figure 1 ), whereas adding a fifth profile simply resulted into the arbitrary division of one of the existing profiles into two smaller profiles (the smallest corresponding to approximately 5% of the sample) presenting a very similar shape. The four-profile solution, illustrated in Figure 1 , was thus retained. Parameter estimates from this solution are reported in Table S7 of the online supplements.
This solution based on bifactor-ESEM factor scores resulted in profiles presenting clear shape differences. This observation is aligned with , 2017 observation that relying on bifactor factor scores helps to extract profiles differing both in terms of the global construct underlying participants' ratings across all items (here reflecting their global level of job engagement), but also based on their specific levels of physical, emotional, and cognitive job engagement left unexplained by this global construct. The results also revealed a high level of classification accuracy of participants into their most likely profile (see Table S8 of the online supplements), ranging from 70.1% to 99.6% across profiles.
When interpreting this solution, a first noteworthy observation lies in the identification of a Moderately Engaged profile (Profile 4), representing 47.73% of the employees. The label Moderately Engaged was retained to reflect the fact that this profile reflected a subpopulation of employees whose global levels of job engagement was close to the sample average, and coupled with specific levels of physical, emotional, and cognitive job engagement similarly close to the sample average. The identification of such a large profile suggested that most employees tended to display well-balanced and moderate (i.e., average) levels of job engagement across all three dimensions. In contrast, the remaining profiles were characterized not only by low (Profile 1) or high (Profiles 2 and 3) global levels of job engagement, but also by some degree of imbalance between the specific job engagement components. Thus, members of Profile 1 were characterized by moderately low levels of emotional and cognitive job engagement, but by moderately high levels of physical job engagement. This Globally Disengaged profile characterized 12.50% of the employees. In contrast, members of Profile 2 were characterized by average levels of physical job engagement, but by moderately high levels of emotional and cognitive job engagement. This Globally Engaged profile characterized 16.29% of the employees. Finally, members of Profile 3 were characterized by average levels of physical and cognitive job engagement, but by moderately low levels of emotional job engagement. This Globally but not Emotionally Engaged profile characterized 23.49% of the employees. In line with the observation that the specific factor reflecting physical job engagement, it is noteworthy that this specific factor was also the one showing the smallest differences across profiles.
Associations with Outcomes. Associations between outcomes and profile membership are reported in Table 2 . These analyses revealed that the highest levels of affective commitment were associated with the Globally Engaged (2) profile, followed by the Globally but not Emotionally Engaged (3) and Moderately Engaged (4) profiles which could not be differentiated from one another, and finally by the Globally Disengaged (1) profile. The lowest levels of normative commitment were associated with the Globally Disengaged (1) profile, followed by the Globally but not Emotionally Engaged (3) profile, and finally by the Globally Engaged (2) and Moderately Engaged (4) profiles which could not be differentiated from one another. The Globally Disengaged (1) and Globally but not Emotionally Engaged (3) profiles were associated with higher levels of emotional exhaustion than the Globally Engaged (2) and Moderately Engaged (4) profiles. Finally, the Globally Engaged (2) profile was associated with lower levels of ill-being relative to all other profiles, which could not be differentiated from one another.
Predictors of Profile Membership. Associations between predictors and profile membership are reported in Table 3 . Task variety predicted a decreased likelihood of membership in the Globally Disengaged (1) profile relative to the Globally Engaged (2) and Moderately Engaged (4) profiles, and an increased likelihood of membership in the Globally Engaged (2) profile relative to the Globally but not Emotionally Engaged (3) and Moderately Engaged (4) profiles. Feedback and being a female predicted a decreased likelihood of membership in the Globally Disengaged (1) profile relative to the three other profiles. Working full time similarly predicted a decreased likelihood of membership in the Globally Disengaged (1) profile relative to the Globally but not Emotionally Engaged (3) profile, whereas tenure predicted an increased likelihood of membership in the Globally but not Emotionally Engaged (3) profile relative to the Moderately Engaged (4) profile. Finally, work autonomy, task significance, task identity, and education levels appeared to be unrelated to the likelihood of membership into any of the profiles.
Discussion Despite the recognition of the interrelated nature of the physical, emotional, and cognitive facets of job engagement (e.g., , the ways these components are combined among specific subpopulations, or profiles, of employees have never been investigated in the work context. Yet, a recent study conducted by Gillet, Caesens et al. (2019) on the related construct of work engagement supported a bifactor representation of employees' work engagement, providing a way to obtain a direct estimate of global levels of work engagement properly disaggregated form the specificity uniquely associated with the vigor, dedication, and absorption facets. They further showed that this improved representation allowed them to achieve a more differentiated representation of the work engagement profiles most commonly observed among employees in comparison with results previously reported by Simbula et al. (2013) on the basis of a more traditional representation of work engagement ignoring this dual global/specific nature. The present study was designed to assess whether similar conclusions would apply to the job engagement construct. In addition, the present study was also designed to expand upon the results from these prior studies (Gillet, Caesens et al., 2019; Simbula et al., 2013) by investigating the role of demographic (gender, education, working time, and organizational tenure) and job (work autonomy, task variety, task significance, task identity, and feedback) characteristics in the prediction of profile membership, and by documenting the implications of these profiles in terms of attitudes (affective and normative commitment) and psychological health (emotional exhaustion and ill-being).
Employees' Job Engagement Profiles
Results revealed the presence of four distinct job engagement profiles among the present sample of French employees: (1) Globally Disengaged; (2) Globally Engaged; (3) Globally but not Emotionally Engaged; and (4) Moderately Engaged. These profiles emphasize the importance of adopting a finer-grained representation of job engagement by simultaneously considering the global levels of job engagement and the specific nature of the physical, emotional, and cognitive facets of job engagement over and above this global level of job engagement, reflecting the extent to which the level of each specific facet deviates from that global level for specific employees. In particular, results showed that the profiles characterized by high (the Globally Engaged and Globally but not Emotionally Engaged profiles) or low (the Globally Disengaged profile) global levels of job engagement tended to present a more imbalanced configuration where specific levels of job engagement generally tended to deviate from the sample average. In contrast, the Moderately Engaged profile, characterized by moderate global levels of job engagement, presented a more balanced configuration where specific levels of job engagement were aligned with one another and with the sample average.
When considering these results, it is important to keep in mind that profiles were identified using four indicators respectively reflecting global levels of job engagement (a global factor score computed from the variance shared across all physical, emotional, and cognitive engagement items), as well as specific levels of physical, emotional, and cognitive engagement (specific factors reflecting what is unique to physical, emotional, or cognitive engagement ratings, once the variance explained by the global factor is taken into account). Yet, although the preliminary analyses from which these factor scores were generated resulted in the estimation of well-defined global, specific emotional, and specific cognitive engagement factors, the physical engagement factor was more weakly defined. This result implies that, in the present sample, ratings on the six items used to evaluate physical engagement provided a much better reflection of employees' global levels of job engagement than of the specific facet of physical engagement. In plain language, this means that ratings of physical engagement mainly serve to define global levels of job engagement in the present sample, with limited evidence of discrepancies between individual levels of physical engagement and of global engagement. This result could explain why the physical S-factor was the one showing the least pronounced deviations from the sample average across most of the identified profiles. This result is also consistent with findings from prior studies showing that job engagement has stronger effects on discretionary components of job performance than on required components (Friedman, Carmeli, & Dutton, 2018) . Indeed, it is not uncommon for employees to find enough physical energy to do their jobs simply because it is necessary to keep their jobs, whether they are engaged or disengaged. They do what they have to do to keep their job and get paid. Conversely, finding the energy to do discretionary acts, or managing to be emotionally and cognitively engaged requires a different level of connection with the work, going beyond simply showing up to work. It would be interesting for future investigations relying on bifactor models to assess more extensively the situations, occupations, and professional contexts which may lead to more or less frequent degrees of misalignment between employees' global ratings of job engagement and their specific ratings of physical, emotional, and cognitive engagement.
Globally Disengaged Employees. When considering the identified profiles more specifically, members of Profile 1 (Globally Disengaged profile) were characterized by low global levels of job engagement and experienced misaligned low levels of emotional and cognitive job engagement relative to their global levels of job engagement. This Globally Disengaged profile shares some similarities with the Ill-Adjusted Extrinsically Driven profile identified by and characterized by low levels of global well-being, interpersonal fit, and competence. also identified a similar profile characterized by low global levels of psychological health, irritability, and anxiety/depression. In the present study, these employees were also found to present the most maladaptive functioning (i.e., the lowest levels of affective and normative commitment, and the highest levels of ill-being and emotional exhaustion). These results are aligned with prior research showing that employees characterized by low levels of job engagement tend to withhold their physical, cognitive, and emotional energies, and to display a work pattern that might appear to be passive, robotic, and detached (Kahn, 1990) , thus leading them to experience adverse consequences (e.g., . Our results also showed that female employees were less likely to correspond to this Globally Disengaged profile. This gender difference is consistent with prior research demonstrating that women exhibited greater job involvement than men (Lorence, 1987) and indicating that women are more committed to work roles (Angle & Perry, 1981) . This result suggests that women may need to invest themselves more in their work than men do in order to survive in the workplace (Lee & Eissenstat, 2018) . It would be interesting for future research to assess the role of different organizational practices possibly at play in determining this gender difference, such as, for example, family policies or gender-differentiated treatment.
Globally Engaged Employees. In contrast, members of Profile 2 (Globally Engaged profile) were characterized by high global levels of job engagement and experienced even higher levels of emotional and cognitive job engagement relative to their global levels of job engagement. This Globally Engaged profile is similar to the Engaged yet Distanced one identified by Gillet, Caesens et al. (2019) and characterized by moderately high levels of global work engagement, vigor, and dedication. Globally Engaged employees also presented the most desirable outcome levels (e.g., higher levels of affective and normative commitment, and lower levels of ill-being and emotional exhaustion). Thus, as far as these first two profiles (Globally Disengaged and Globally Engaged) are considered, our results showed associations that mainly matched our expectations and previous research results (e.g., Gillet, Caesens et al., 2019; Park et al., 2017; Shuck & Reio Jr., 2014; Zhong et al., 2016) , supporting the role of job engagement in the prediction of a variety of outcomes.
Globally but not Emotionally Engaged Employees. Members of Profile 3 (Globally but not Emotionally Engaged) were characterized by high global levels of job engagement and experienced misaligned low levels of emotional job engagement relative to their global levels of job engagement. also identified a profile (Adapted) characterized by high levels of global psychological health, and relatively low levels on the specific indicators of psychological distress and wellbeing. More experienced employees, as well as full time employees, were more likely to correspond to this profile, and thus to be more connected, attentive, focused, and physically involved in their role performance (Kahn, 1990) but also more able to emotionally disconnect from it. With tenure and work time, workers accumulate more task-related knowledge and skills and become more likely to assume a central role in the organization, thus leading to better person-organization fit and higher levels of job engagement (Bal, De Cooman, & Mol, 2013; Ng & Feldman, 2010; Uppal, 2017; Veltrop, Molleman, Hooghiemstra, & van Ees, 2018) . However, members of this profile also presented levels of emotional exhaustion and ill-being similar to those observed in the Globally Disengaged profile. This result suggests that experiencing misaligned low levels of emotional job engagement relative to one's global levels of job engagement appears to carry as much risk in terms of illbeing and emotional exhaustion as experiencing globally low levels of job engagement. There might thus be limits to the benefits of high global levels of job engagement, particularly when not accompanied by matching levels of emotional engagement. Conversely, low levels of emotional job engagement thus appear particularly harmful, even for employees' with otherwise high global levels of job engagement.
Moderately Engaged Employees. Finally, the identification of a large (47.73%) Moderately Engaged profile suggests that, for almost half of the sample, global levels of job engagement remained satisfactory and well-aligned across all three components. This result is concordant with prior investigations which also identified the presence of a dominant profile similarly characterized by moderate levels of work engagement (Gillet, Caesens et al., 2019) , well-being , 2017 or need satisfaction (Gillet, Morin, Choisay, & Fouquereau, 2019) . Interestingly, the levels of affective commitment and ill-being observed in this profile were impossible to distinguish from those observed in the Globally but not Emotionally Engaged one, while this profile did present higher levels of normative commitment and lower levels of emotional exhaustion, reinforcing the idea that low emotional engagement reduces the positive effects of global job engagement. Likewise, levels of normative commitment and emotional exhaustion observed in this profile were impossible to distinguish from those observed in the Globally Engaged profile, although both of these profiles displayed more desirable levels on these outcomes than the remaining profiles. Matching previous results related to the work engagement construct (e.g., Gilet, , these results suggests that employees who experienced a balanced level of job engagement tended to report similar levels of normative commitment and emotional exhaustion than other workers presenting higher global levels of job engagement but a more unbalanced profile. This level of balance among the job engagement components could be taken to reflect a more appropriate allocation of resources across different work facets, which could help to reduce stress and conflict, and ultimately lead to positive outcomes.
Determinants of Profile Membership
Our results revealed widespread associations between task variety and feedback and the likelihood of profile membership. Thus, task variety predicted a decreased likelihood of membership in the Globally Disengaged profile relative to the Globally Engaged and Moderately Engaged profiles, and an increased likelihood of membership in the Globally Engaged profile relative to the Globally but not Emotionally Engaged and Moderately Engaged profiles. Feedback also predicted a decreased likelihood of membership in the Globally Disengaged profile relative to the three other profiles. In other words, task variety and feedback predicted membership into profiles characterized by higher levels of global job engagement. This result is consistent with the literature on job characteristics that depicts task variety and feedback as positive job characteristics (Hackman & Oldham, 1976) due to their desirable consequences on individual functioning (e.g., Morgeson & Humphrey, 2006) . In contrast, work autonomy, task significance, and task identity appeared to be unrelated to the likelihood of membership into any of the profiles. This result differs from our expectations anchored in previous variable-centered research (Morgeson & Humphrey, 2006) , which could possibly be explained by our adoption of a multivariate perspective in which these various job characteristics were simultaneously considered. This approach allowed us to identify the most potent predictors of profile membership once the variance shared among these various job characteristics was considered. Indeed, as shown in Table S6 of the online supplements, these work characteristics were found to be moderately correlated with one another (r = .235 to .620; M = .455) and to present similar univariate associations with the job engagement facets considered individually. More generally, our findings further encourage researchers to look into how various job characteristicsrather than to focus on global measures of job enrichment (Hackman & Oldham, 1976 )uniquely contribute to employees' job engagement profiles.
Practical Implications for Intervention, Research, and Assessment
In intervention terms, our results emphasizes that organizations and managers could gain by adopting practices seeking to promote higher levels of job engagement among employees, and to nurture engagement for employees displaying low engagement levels. Our results also show that managers ought to be particularly attentive to workers exposed to low levels of task variety and having access to limited amount of feedback. Indeed, these individuals are subjected to the lowest levels of global job engagement which expose them to higher risks of maladaptive functioning (e.g., low affective and normative commitment, illbeing, exhaustion). Therefore, changes in a work organization designed to increase the level of task variety sustainably, and which makes it easier for employees to access relevant feedback, might increase job engagement in the long run. In line with previous investigations on job enrichment interventions (Parker, 1998) , the effects of an increase in task variety might be most favorable when workers report having the information they require, as well as the opportunity to obtain the skills needed to complete new work tasks. However, because increasing skill variety is not always feasible, intervening at the level of task sequencing might be a more realistic approach (Derfler-Rozin, Moore, & Staats, 2016). Employees often have multiple tasks that may not have a required sequence, but organizations may be able to structure them so that they accrue the benefits identified in this research (i.e., higher levels of global job engagement). Our results also suggest that a possible way for nurturing higher levels of global job engagement is to design workers' activities in such a way that they could receive constant feedback about the appropriateness and effectiveness of their task performance. Organizations with limited opportunities to increase task variety or feedback might profit from interventions such as promoting psychological need satisfaction and autonomous motivation in the workplace (Gillet, Morin et al., 2017 . Among ways to do this, top management could reduce employee work overload and promote justice and fairness in terms of policy implementation and rewards distribution (Gagné & Deci, 2005) .
From a research perspective, our results highlight that failure to consider the possibility that job engagement ratings may simultaneously tap into one global and three specific job engagement factors is likely to erroneously lead to the conclusion that physical, emotional, and cognitive job engagement simply reflect relatively independent constructs with comparable effects. Indeed, these comparable effects would mainly reflect the underlying effects of employees' global levels of job engagement, and serve to hide the possible complementary effects between the S-factors. Ignoring this form of multidimensionality is thus likely to lead to a biased view of the validity of the job engagement construct and of the reality under study. For applied researchers interested in job engagement, this means that the ability to obtain a clear and valid estimate of the way job engagement ratings related to other constructs of interest is likely to be biased, and more importantly to lead to biased recommendations for practice.
Finally, from an assessment perspective, in order to avoid job engagement estimates reflecting a confusing mixture of global and specific variance likely to be tainted by multicollinearity, researchers and practitioners are thus invited to consider adopting a bifactor-ESEM representation of job engagement ratings in their own work. This recommendation strongly advocates a latent variable approach to research. Yet, this recommendation is not as easy to transpose to the professional context where practitioners and organizations still need to be able to score job engagement questionnaires. In these contexts, automated scoring procedures relying on calculations similar to those involved in the generation of the factor scores used in the present study will need to be developed. As noted by Perreira et al. (2018) , the Mplus statistical package could be used in such a manner on the basis of the parameter estimates obtained in the present study. A key advantage of this approach is that the resulting scores will be directly estimated in standardized units, and thus interpretable as a function of the sample mean and standard deviation, just like normed scores, making it easier to identify the most likely profile membership of employees. Yet, as with any norm, this consideration reinforces the importance for future research to rely on more representative samples prior to the development of any practically-useful scoring procedure.
Limitations and Directions for Future Research
Even though this study represent the first systematic attempt at investigating the nature, predictors, and outcomes of employees' job engagement profiles, it presents some limitations worth noting. First, we relied on self-report measures, which may have been impacted by social desirability and self-report biases. Future research should consider relying on more objective indicators of individual and organizational functioning (e.g., job performance, turnover) together with informant-reported (e.g., manager) measures of job characteristics. Second, the present study relied on a convenience sample of French workers, which cannot be considered to be representative of the population of French workers. Additional person-centered research should thus be conducted to assess the generalizability of the identified profiles and of their associations with predictors and outcomes, across distinct samples of employees (e.g., office workers, teleworkers, managers), and in different cultures and countries . Such evidence of generalizability would help to demonstrate the robustness of our findings and the value of implementing intervention strategies based on such person-centered results.
Third, in line with Meyer and Morin's (2016) recommendations, we examined covariates defined a priori as either predictors (i.e., gender, age, education, working time, organizational tenure, work autonomy, task variety, task significance, task identity, and feedback) or outcomes (i.e., affective and normative commitment, emotional exhaustion, and ill-being) on the basis of a theoretical rationale drawn from prior research (e.g., . Although our analytical approach made it possible to rule out possible effects of predictors on profile membership, our study design and the limitations inherent to our analytical method did not allow us to assess reversed causality, reciprocal influence, or spurious associations, nor the possible role of profile membership in the prediction of changes in outcome levels. Therefore, future longitudinal research would gain from examining more systematically the direction of the associations among predictors, outcomes, and profiles within the context of a longitudinal research design. Indeed, longitudinal research makes it possible to address the joint issues of within-person and within-sample profile stability (Gillet, Morin, & Reeve, 2017; Kam, Morin, Meyer, & Topolnytsky, 2016) . More precisely, it would be interesting to examine whether the engagement profiles identified in the current study change in terms of number, structure, variability, size, and outcomes across time (within-sample stability) and whether membership into the different job engagement profiles remain stable (within-person stability). Future research may also consider the possible mechanisms at play in explaining these potential profile transitions. Finally, we only looked into the role of demographic and job characteristics as determinants of employees' job engagement profiles. Yet, it would be worthwhile for future research to investigate other determinants inherent to the work environment (e.g., managerial behaviors) or individual orientations (i.e., job crafting, perfectionism). Likewise, our results revealed that the implications of profile membership differed across outcomes. This observation thus reinforces the importance for future research to consider a broader range of desirable (e.g., organizational citizenship behaviors, job performance) and undesirable (e.g., turnover, work-family conflict) outcomes in order to better understand the mechanisms at play in explaining these differential effects.
Conclusion The present study extends the research literature on employees' job engagement in several directions. First, it emphasizes the importance of simultaneously considering the global levels of job engagement and the specific nature of the physical, emotional, and cognitive facets of job engagement over and above this global level of job engagement. Second, it revealed that employees job engagement generally follows four distinct configurations, corresponding to a Globally Engaged, a Globally Disengaged, a Globally but not Emotionally Engaged, and a Moderately Engaged profile. In doing so, it also revealed that high or low global levels of job engagement tended to be characterized by greater levels of imbalance across engagement components when compared to moderate global levels of job engagement. Third, the Globally Disengaged profile was associated the most detrimental outcomes, while the Globally Engaged profile was associated with the most desirable outcomes. However, negative consequences appeared to be associated with the display of low imbalanced levels of emotional engagement even among globally engaged employees. Thus, these results suggested that balance among global levels of job engagement, and specific levels of physical, emotional, and cognitive job engagement may lead to positive outcomes. Finally, our results showed that tenure, working time, gender, task variety, and feedback were all significantly associated with profile membership. More particularly, task variety and feedback were both found to predict membership into more desirable profiles characterized by higher levels of global job engagement. .163] 1 = 3 = 4 > 2 Note. CI = 95% confidence interval; affective commitment, normative commitment, emotional exhaustion, and ill-being are estimated from factor scores with a standard deviation of 1 and a mean of 0; Profile 1: Globally Disengaged; Profile 2: Globally Engaged; Profile 3: Globally but not Emotionally Engaged; and Profile 4: Moderately Engaged. .749 Note. * p < .05; ** p < .01; SE: standard error of the coefficient; OR: odds ratio; the coefficients and OR reflects the effects of the predictors on the likelihood of membership into the first listed profile relative to the second listed profile; work autonomy, task variety, task significance, task identity and feedback are estimated from factor scores with a standard deviation of 1 and a mean of 0; Gender is coded 0 for males and 1 for females; working time is coded 0 for part time workers and 1 for full time workers; tenure is coded in years; Education level was rated on a four-point scale (1 = no diploma, 2 = vocational training, 3 = high school, 4 = university); Profile 1: Globally Disengaged; Profile 2: Globally Engaged; Profile 3: Globally but not Emotionally Engaged; and Profile 4: Moderately Engaged.
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Preliminary Measurement Models A Brief Introduction to the Bifactor-ESEM framework
When assessing the structure of responses obtained to typical psychometric measures, the CFA approach provides a way to assess the extent to which our a priori representations match the structure of responses obtained on an instrument, and even to compare alternative representations of the data based on objective fit assessment procedures. However, CFA rely on the independent cluster assumption that the latent constructs are unidimensional. More precisely, CFA assume that ratings obtained on any indicator reflect, or correspond, to scores on a single factor. This assumption has recently been shown to be overly stringent, and often unrealistic, for many psychometric measures (e.g., Marsh, Morin, Parker, & Kaur, 2014) . Morin and colleagues Morin, Arens, Tran, & Caci, 2016; , 2017 note that when conceptually-related constructs (e.g., physical, emotional, and cognitive job engagement) are assessed within the same instrument, constructrelevant psychometric multidimensionality needs to be explicitly taken into account. Construct-relevant psychometric multidimensionality refers to additional sources of true score variance depicting associations between the items and non-target constructs that, when forcefully ignored in CFA, lead to biased estimates of the model parameter estimates .
A first source of construct-relevant psychometric multidimensionality is particularly relevant to the job engagement construct and refers to the assessment of coexisting global and specific constructs. Psychometrically, two distinct approaches can be used to study this question. The most typical of these approaches relies on hierarchical models. In hierarchical models, ratings on specific indicators are used to define first-order factors (physical, emotional, and cognitive job engagement), which are themselves used to define a higher-order factor (global job engagement). However, hierarchical models rely on a stringent proportionality constraint according to which the ratio of variance explained by the global factor relative to that explained by the specific factors is forced to be exactly the same for all items associated with a specific first-order factor . Bifactor models provide a more flexible alternative not constrained by this unrealistic proportionality constraint . In a f-factor bifactor model, one Global (G) factor (global job engagement) and f-1 orthogonal Specific (S) factors (physical, emotional, and cognitive job engagement) are used to explain the covariance among a set of n items. Bifactor models directly test the presence of a global unitary construct underlying the answers to all items (G-Factor) and of co-existing specificities (S-Factors) not explained by the G-Factor.
A second source of construct-relevant psychometric multidimensionality likely to be present in measures of job engagement occurs when items designed to assess one specific construct present some degree of true score association with non-target constructs Morin, Arens, Tran, & Caci, 2016) . For instance, workers' levels of physical job engagement may influence responses to items designed to assess their levels of emotional or cognitive job engagement due in part to the naturally imperfect nature of these ratings, but also to the fact that the job engagement dimensions are interrelated conceptually . This form of construct-relevant multidimensionality calls for exploratory factor analyses (EFA) allowing for the free estimation of cross-loadings between items and conceptually-related constructs. EFA has recently been integrated with CFA and structural equation modeling into the ESEM framework (Marsh et al., 2014; Morin, Marsh, & Nagengast, 2013) , making it possible to consider that items tend to present at least some degree of valid association with more than one conceptually-related construct Morin, Arens, Tran, & Caci, 2016) . In particular, statistical research evidence (for a review, see shows that excluding cross-loadings even as small as .100 tends to result in inflated estimates of the G-factor in bifactor-CFA or of factor correlations in CFA, whereas incorporating unnecessary cross-loadings has been shown not to result in estimation biases.
Preliminary Analyses: Job Engagement
CFA, bifactor-CFA, ESEM, and bifactor-ESEM representations of participants' ratings of job engagement were first estimated and contrasted. In CFA, each item was only allowed to load on the factor it was assumed to measure and no cross-loadings were allowed. This model included three correlated factors representing physical, emotional, and cognitive job engagement. In ESEM, the same set of three factors was represented using a confirmatory oblique target rotation (Asparouhov & Muthén, 2009; Browne, 2001 ). Target rotation makes it possible to freely estimate all main loadings while targeting all cross-loadings to be as close to zero as possible. In bifactor-CFA, all items were allowed to simultaneously load on one G-factor reflecting global levels of job engagement, and on three S-factors corresponding to specific levels of physical, emotional, and cognitive job engagement. No cross-loadings were allowed between the S-factors, and all factors were specified as orthogonal in line with bifactor assumptions . Finally, bifactor-ESEM estimated the same set of G-and S-factors, while cross-loadings between the S-factors were estimated using an orthogonal bifactor target rotation Reise, Moore, & Maydeu-Olivares, 2011) .
Given the oversensitivity of the chi-square test of exact fit to sample size and minor misspecifications (Marsh, Hau, & Grayson, 2005) , we relied on goodness-of-fit indices to describe the fit of the alternative models: The comparative fit index (CFI), the Tucker-Lewis index (TLI), and the root mean square error of approximation (RMSEA) with its 90% confidence interval. According to typical interpretation guidelines (e.g., Marsh, Hau, & Wen, 2004; Marsh et al., 2005; Hu & Bentler, 1999) , values greater than .90 and .95 for the CFI and TLI respectively are considered to be indicative of adequate and excellent fit to the data, while values smaller than .08 or .06 for the RMSEA respectively support acceptable and excellent model fit. In the comparison of nested models, typical guidelines suggest that models differing from one another by less than .01 on the CFI and TLI, or .015 on the RMSEA, can be considered to provide an equivalent level of fit to the data (Chen, 2007; Cheung & Rensvold, 2002) .
As noted by Morin and colleagues , 2017 , fit indices are not sufficient to guide the selection of the optimal model when first-order and bifactor ESEM and CFA models are contrasted. Indeed, each of these alternative models is able to absorb sources of constructrelevant multidimensionality left unmodelled, thus hiding sources of misfit behind apparently similarly fitting models Murray & Johnson, 2013) . Thus, unmodelled cross-loadings tend to result in inflated factor correlations in CFA, or inflated G-factor loadings in bifactor-CFA. Likewise, an unmodelled G-factor tends to produce inflated factor correlations in CFA, or inflated crossloadings in ESEM. For this reason, an examination of parameter estimates and theoretical conformity is required to select the best alternative. As suggested by Morin and colleagues , 2017 , model comparison should always start by contrasting CFA and ESEM solutions. Here, statistical evidence shows that ESEM provides more exact estimates of factor correlations when cross-loadings are present in the population model while remaining unbiased otherwise . For this reason, and as long as the factors remain well-defined, the observation of a distinct pattern of factor correlations should be taken as support for the ESEM solution. The second step involves contrasting the retained CFA or ESEM solution with a bifactor alternative. Here, the key elements supporting the bifactor representation are the observation of a greater level of fit to the data, a well-defined G-factor, and at least some reasonably well-defined S-factors. The observation of multiple cross-loadings higher than .100 or .200 in ESEM that are reduced in bifactor-ESEM represents an additional source of evidence in favor of the bifactor solution . For all models, we report standardized parameter estimates and composite reliability coefficients associated with each factor calculated using McDonald (1970) omega (ω):
where | | are the standardized factor loadings in absolute values, and δi, the item uniquenesses.
Preliminary Results: Job Engagement
Table S1 of these online supplements presents the goodness-of-fit indices of the alternative measurement models. Parameter estimates for all solutions are reported in Table S2 of these online supplements. The CFA, ESEM, and bifactor-CFA solutions achieved an acceptable, and comparable, level of fit to the data according to all goodness-of-fit indices. Moreover, the bifactor-ESEM solution achieved an excellent fit to the data according to all goodness-of-fit indices, and a substantial increase in model fit relative to the bifactor-CFA (ΔCFI = +.018; ΔTLI = +.008; ΔRMSEA = -.004), ESEM (ΔCFI = +.020; ΔTLI = +.023; ΔRMSEA = -.010), and CFA (ΔCFI = +.038; ΔTLI = +.023; ΔRMSEA = .010) solutions. Based on this statistical information, the bifactor-ESEM solution should be retained. However, as noted above, model selection needs to be based on a complete examination of the parameter estimates and theoretical conformity. Thus, we first compare the CFA and ESEM solutions, before comparing the ESEM and bifactor-ESEM solutions.
ESEM versus CFA. Parameter estimates for the CFA and ESEM solutions are very similar, and reveal factors that are well-defined by strong factor loadings and satisfactory estimates of composite reliability (CFA: λ = .596 to .884, Mλ = .779, ω = .871 to .921; ESEM: λ = .365 to .948, Mλ = .691, ω = .835 to .920). When we look more carefully at the ESEM solution, despite the fact that multiple crossloadings are small and non-statistically significant (33 out of 36 possible cross loadings), many crossloadings remain non-negligible (6 cross-loadings are higher than .200). Although the presence of crossloadings reinforces the need to incorporate this source of construct-relevant psychometric multidimensionality to the model, they also suggest that a global factor might be needed. Examination of the factor correlations associated with both of these solutions (see Table S3 of these online supplements) similarly reinforce the need to incorporate cross-loadings to the model, as these appear to be reduced in ESEM (r = .482 to .778) relative to CFA (r = .566 to .893).
ESEM versus Bifactor-ESEM. The bifactor-ESEM results reveal a G-Factor well-defined by strong and positive loadings from all items (λ = .444 to .819; Mλ = .657, ω = 663). Over and above this G-Factor, most items associated with the emotional (λ = .482 to .750; Mλ = .627, ω = .881) and cognitive (λ = .155 to .501, Mλ = .364, ω = .703) S-factors retain a satisfactory level of specificity. In contrast, the physical S-factor appears to be more weakly and inconsistently defined by most items (λ = -.352 to .447, Mλ = .009), suggesting that physical ratings mainly serve to define global levels of job engagement. Still, the fact that this S-Factor retains less specificity than the other S-factors does not signify that this specificity is not meaningful, especially when models using an approach that explicitly controls for measurement errors and associations with the global job engagement construct. Indeed, this S-factor appears to retain at least some amount of specificity as illustrated by a non-negligible estimate of composite reliability (ω = .494). Finally, the superiority of the bifactor-ESEM solution is also apparent from the observation of reduced cross-loadings (only one cross-loading higher than .200 remains in the solution) relative to the ESEM solution. Factors scores for the person-centered analyses were thus extracted from the bifactor-ESEM solution.
Preliminary Analyses and Results: Predictors and Outcomes
Finally, a single measurement model was estimated to obtain factor scores related to all predictors and outcomes. In this model, three different set of ESEM factors were simultaneously modeled, one including five factors reflecting work characteristics (work autonomy, task variety, task significance, task identity, and feedback), two factors reflecting commitment to the organization (affective and normative commitment), and two factors reflecting psychological health (emotional exhaustion and illbeing). These factors were modelled using an oblique target rotation in which all factors loadings were freely estimated, all cross-loadings between items and factors from the same set of ESEM factors were freely estimated but "targeted" to be as close to zero as possible, and no cross loadings were allowed across sets of ESEM factors. This preliminary measurement model resulted in an acceptable level of model fit (CFI = .919; TLI = .903; RMSEA = .051). Parameter estimates from this preliminary measurement model are reported in Tables S4 (Predictors) and S5 (Outcomes) of these online supplements, and the correlations among all variables are reported in Table S6 of these online supplements. Estimates of composite reliability obtained in this preliminary measurement model were fully satisfactory for all variables (ω = .779 to .918). .703 Note: CFA = confirmatory factor analyses; ESEM = exploratory structural equation modeling; B-CFA = bifactor-CFA; B-ESEM = bifactor-ESEM; G: global factor; S: specific factor; λ: factor loading; δ: item uniqueness; ω: omega coefficient of model-based composite reliability; target ESEM and B-ESEM factor loadings are indicated in bold; non-significant parameters (p ≥ .05) are marked in italics. .460 -Note: λ: factor loading; δ: item uniqueness; target ESEM factor loadings are indicated in bold; nonsignificant parameters (p ≥ .05) are marked in italics; WA = work autonomy; TV = task variety; TS = task significance; TI = task identity; FB = feedback. .564 -Note: λ: factor loading; δ: item uniqueness; target ESEM factor loadings are indicated in bold; nonsignificant parameters (p ≥ .05) are marked in italics; AFF = affective commitment; NOR = normative commitment; EE = emotional exhaustion; I-B = ill-being. Note. * p < .05; ** p < .01; all variables are estimated from factor scores with a mean of 0 and a standard deviation of 1.
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Figure S1
Elbow Plot of the Value of the Information Criteria for Solutions Including Different Number of Latent Profiles .589] .619 [.073; 1.166] Note. CI = 95% confidence interval; the profile indicators are estimated from factor scores with a mean of 0 and a standard deviation of 1; Profile 1: Globally Disengaged; Profile 2: Globally Engaged; Profile 3: Globally but not Emotionally Engaged; and Profile 4: Moderately Engaged. 
